In this paper, a grey relational method was used for minimising surface roughness and maximising material removal rate during turning of unidirectional glass fibre reinforced plastic composite (UD-GFRP). Taguchi approach was used for the experiment. The parameters studied were tool rake angle, speed, depth of cut, feed, tool nose radius, and cutting environment. Castrol water (1:6) miscible soluble coolant was flooded in the machining zone. Cutting environment: Wet (33°-38°c) and Cold (5°-7°c) were used. The Taguchi L18 orthogonal array was used for performing the experiment. Significant parameters were found by applying ANOVA. The grey relational analysis was used to optimise the parameters affecting the response. Cutting speed was the factor, followed by feed rate that influenced surface roughness and material removal rate. The surface roughness of 1.761 µm and material removal rate of 275.78 mm 3 were achieved.
INTRODUCTION
The development of composite materials began to accelerate when thermosetting resin systems with useful mechanical and adhesive properties became available between the two World Wars. When glass fibre became commercially available around the time of the Second World War, it could be combined with these resin systems to produce the first modern composite; glass fibre reinforced plastic. Although the use of carbon fibres was growing rapidly glass fibre is still by far the most commonly used reinforcement material in fibre reinforced plastics. In 2006, approximately 163000 metric tons of fibres were used worldwide in the manufacture of composites with E-glass fibre making up 80% of this total [1] [2] [3] [4] [5] . The main reason that glass fibre is very dominant in the market is that it comparatively incurs low cost. Analysis of data revealed that the average cost of carbon fibre is approximately 26 times greater per unit mass than that of E-glass fibre. The density of E-glass fibre is significantly higher than that of carbon fibre and so the cost per unit volume is even greater. In modern-day, components made of fibre-reinforced plastics are in great demand. In corrosive industrial applications, fibreglass composites are an alternative to stainless steel and other materials [6, 7] . GFRP is used in various products including sporting goods, marine bodies, plastic pipes, storage containers, and construction works. In transport industry, these are widely used [8] . The machining of GFRP composites is dissimilar from conventional materials and it necessitates special considerations on wear resistance of the tool [2] . Surface unevenness of a product could affect its functional attributes such as friction, wear, light reflection, transmission of heat, and capability for lubrication [2] . In order to get the fine surface finish and dimensional properties, it requires techniques to find the best possible cutting parameters and theoretical models for predictions [9] . The behaviour of FRP during machining is different from metals because it depends on the fibre and matrix properties, type of weave, and fibre orientation [10] . A statistical technique was used by Aravindan et al. [11] to investigate the machinability of hand lay-up GFRP pipes. The surface finish of 4 to 8 microns was achieved whereas surface roughness was 80 to 100 microns using an unmachined surface.
Parveen Raj et al. [12] used response surface methodology roughness and artificial neural network to model surface roughness and delamination during the machining of GFRP using coated and uncoated K10 cutting tools. Four parameters considered were tool material, feed rate, cutting speed, and depth of cut (DOC). It was found that artificial neural network (ANN) due to its good interpolation capability can be used to model effectively. The performance of coated tool with good surface finish was better than uncoated tool. Behera et al. [13] investigated the effect of cutting speed, depth of cut, and feed on the cutting force while turning GFRP using HSS tool. The depth of cut was found to be the most significant followed by feed rate. Varghese et al. [14] used Al oxide ceramic inserts to optimise the parameters in turning of GFRP. The depth of cut, speed, length of the tool from tool holder, and feed rate were the parameters selected. Taguchi method was used for experimentation while grey relation was used for analysis. It was found that the moderate feed rate, minimum tool length, and moderate depth of cut gave optimal results. Hussain et al. [15] investigated the turning process of glass fibre reinforced plastic composite using Taguchi's technique and fuzzy logic. Carbide (K20) cutting tool was used for turning while four parameters such as cutting speed, fibre orientation angle, depth of cut, and feed rate were selected. Taguchi method combination with fuzzy logic resulted in low cutting force, surface roughness, cutting power, and specific cutting pressure in machining GFRP composites using carbide K20 cutting tool. Surface methodology and genetic algorithm were also used by Hussain et al. [16] to optimise parameters during turning of GFRP. It was observed that the quality of the surface improved when response surface method was used in combination with genetic algorithm. Polycrystalline diamond (PCD) cutting tool was used for turning while four parameters such as cutting speed, fibre orientation angle, depth of cut, and feed rate were selected. Parida and Routara [17] developed a material removal rate and surface roughness prediction model for the machining of glass fibre reinforced plastic composite using Taguchi's technique and TOPSIS method by using a carbide tool. Three parameters such as cutting speed, feed rate, and depth of cut were selected. It was observed that there was a good agreement between the estimated value and experimented value using TOPSIS method for multi-response. Parida et al. [18] developed a material removal rate and surface roughness prediction model for the machining of glass fibre reinforced plastic composite using Taguchi's technique and grey relational analysis by using the cemented carbide tool. Three parameters such as cutting speed, feed rate, and depth of cut were selected. The depth of cut followed by feed rate and spindle speed was found to be the significant parameter for surface roughness. Surinder Kumar et al. [19] used a distancebased Pareto genetic algorithm in combination with Taguchi's techniques to find the optimum parameters required for turning GFRP. PCD cutting tool was used for turning and six parameters such as tool nose radius, tool rake angle, cutting speed, feed rate, cutting environment, and depth of cut were selected. It was observed that production rates increased considerably by reducing machining time. Meenu and Surinder Kumar [20] used the grey relation analysis to find the optimum parameters in the turning of GFRP. The cutting force was used as response characteristics. The depth of cut followed by tool nose radius was found to be the most influential factor for the minimisation of tangential, feed, and radial forces in turning process. Surinder Kumar et al. [21] developed a surface roughness and delamination mathematical prediction model for the machining of unidirectional glass fibre reinforced plastic composite using multiple regression analyses and genetic algorithm by using the carbide (K10) cutting tool. It was observed that the single response algorithms based on efficient methodology; a genetic algorithm was utilised to optimise machining parameters in the machining of UD-GFRP. From the ANOVA result, it was concluded that feed rate, cutting speed, and depth of cut have a significant effect on surface roughness. It was found that feed rate was more significant than other parameters; whilst depth of cut was the least significant parameter.
Meenu and Surinder Kumar [22] developed surface roughness prediction model for the machining of unidirectional glass fibre reinforced plastics composite using ANN. PCD cutting tool was used for turning and six parameters such as tool nose radius, tool rake angle, cutting speed, feed rate, cutting environment, and depth of cut were selected. The performance of the model was found to be good with the mean percentage error of -2.0506 and feasibility of using ANN to predict surface roughness. The regression coefficient was found to be more than 0.9. Raveendran and Marimuthu [23] optimised the surface roughness and tool wear rate by using the grey relation analysis. It was concluded that the depth of cut followed by feed rate was a significant factor surface roughness while the depth of cut followed by cutting speed was the significant factor for tool wear. Amitesh Goswami and Jatinder Kumar [24] optimised surface roughness and material removal rate of Nimonic 80A using the wire electrical discharge machining (WEDM) process. Taguchi's approach and utility concept were used. Six parameters such as pulseon time, pulse-off time, spark gap set voltage, peak current, wire feed, and wire tension were selected to minimise the surface roughness and maximise the material removal rate. It was found that the optimised value of material removal rate (MRR) and surface roughness (Ra) were pulse-on time (118 ms), pulse-off time (30 ms), input current (80 A), wire feed (10), wire tension (11) (1500 g) and spark gap set voltage (50 V). Subrahmanyam and Sarcar [25] proposed an approach for wire electrical discharge machining of a H13 hot die steel using the grey-based Taguchi technique. Eight process parameters such as voltage TON, TOFF, IP, SV WF, WT, SF, and WP were selected to minimise the surface roughness and maximise the material removal rate. It was found that the grey-Taguchi method was ideal and suitable for the parametric optimisation of the wire-cut EDM process when using the multiple performance characteristics such as material removal rate and surface roughness for machining the H13 or for the matter for any other material. Meenu and Surinder Kumar [26] used the grey relation analysis to find the optimum parameters in the turning of unidirectional GFRP composites. The surface roughness and material removal rate were used as response characteristics. The grey relation analysis was used to optimise the parameters while the principal component analysis was used for finding the relative significance of performance characteristics. The depth of cut was the factor, which has great influence on surface roughness and material removal rate followed by feed rate. Amitesh Goswami and Jatinder Kumar [26] investigated on surface integrity, material removal rate, and wire wear ratio of Nimonic 80A using WEDM process. Taguchi's design of experiment methodology was used. [27] . Six parameters such as pulse-on time, pulse-off time, spark gap set voltage, peak current, wire feed, and wire tension were selected. It was found that the recast layer was observed to increase with an increase in pulse-on time and peak current. Amitesh Goswami and Jatinder Kumar [26] optimised on material removal rate, surface roughness, and wire wear ratio of Nimonic 80A using WEDM process. Taguchi's approach and GRA concept were used. Four parameters such as pulse-on time, pulse-off time, peak current, and wire off-set were selected to minimise the wire wear ratio, and surface roughness and maximise the material removal rate. It was found that the value of MRR, Ra, and Wire off-set were pulse-on time (0.60 ls), pulse-off time (14 ls), peak current (60A), and wire off-set (0.08 mm). The trim cut was also potential for the high surface finish compared to rough cut machining. Surinder Kumar et al. [27] reported a review of literature which showed that various evolutionary techniques in optimising machining process parameters positively gave good results. Based on the literature survey performed, the venture into this research is amply motivated by the fact that very few research works have been conducted to obtain the optimal levels of machining parameters that yield the best machining quality of unidirectional GFRP composite. Most of the researchers have investigated the influence of a limited number of process parameters on the performance measures of turning process. Literature revealed that response surface methodology and Taguchi method are the robust design techniques widely used in industries for making the product/process insensitive to any uncontrollable factors such as environmental variables. Thus, in this study, carbide (K10) cutting tool was used for turning pultruded UD-GFRP rods in dry, wet, and cool conditions. The experiments were intended based on Taguchi's L18 orthogonal array by predetermined cutting conditions. The considering parameters of tool nose radius, tool rake angle, cutting speed, feed rate, cutting environment, and depth of cut were optimised with multiple-response using a GRA approach with an aim to minimise surface roughness and maximise material removal rate. The GRA was used to find the optimum process parameters.
METHODS AND MATERIALS

Work Material
The work material used for the present investigation was UD-GFRP composite rods. The workpiece of 840 mm length and 42 mm diameter was used as shown in Figure 1(a) . The pultrusion processed UD-GFRP composite rods consisting of epoxy resin and E-glass as the fibre was used. The UD-GFRP composite rod after machining is shown in Figure 1 Experimental setup NH22 lathe of make HMT, 11 kW spindle power, and a maximum speed of 3000 rpm was used for the experimentation as shown in Figure 2 . The cutting tool was inserted with two tool nose radius of 0.4 and 0.8mm and three rake angles of -6°, 0°, and +6° were used. A tool holder made of steel EN47 was used. To ascertain the surface roughness and material removal rate, the experimental results of turning of UD-GFRP were evaluated. 
Machining Parameter Selection
In this study, one parameter at a time approach was used to select the parameters. The experimental plan had tool nose radius, tool rake angle, feed rate, cutting speed, cutting environment, and depth of cut as the controllable variables. As there were two levels of tool nose radius, Taguchi's mixed level design was selected. The number of degree of freedom for tool nose radius was 1 and number of degree of freedom for other five parameters was 2. Hence, the total number of the degree of freedom for one-two level parameter and five-three level parameters were (1*1+ (5*2). Thus, an L18 orthogonal array with 17 degrees of freedom was selected. Parameters were assigned to columns using linear graphs. The unassigned columns represented an error. The ranges of the parameter were given in Table 2 . Table 3 shows the L18 orthogonal array employed for the experimentation. Table 4 shows the various results of the surface roughness and material removal rate as per designed L18 orthogonal array. ANOVA was performed by using MINITAB 16 software. The results of ANOVA surface roughness and material removal rate are shown in Tables 5 and 6 , respectively.
RESULTS AND DISCUSSION
Single Response Optimisation
Mean performance and confidence interval for predicted mean were found by Taugchi's approach. The confirmation experiments were performed three times while the average value was reported as µRa representing the optimum surface roughness at selected process parameters. The optimum parameters selected were C2, D2, and F1. The estimated mean of the response characteristic can be computed as [28] : 
where Fα; (1, fe) = F0.05; (1; 42) = 4.08 (tabulated); α = 0·05, fe = error DOF = 42, N = 18; neff = effective number of replications. Similarly, for MMR, Tables 7 and 8 show the predicted optimum value and confirmatory experimental results, respectively. The mean values of the three experiments conducted for confirmation were found to be within the confidence intervals. Table 5 . Analysis of variance (mean value) for Ra. SS = sum of squares, DOF = degrees of freedom, variance (V) = (SS/DOF), T = total, SS / = pure sum of squares, P = percent contribution, e = error, Fratio = (V/error), Tabulated Fratio at 95% confidence level F0.05; 1; 42 = 4.08, F0.05; 2; 42 = 3.23, * Significant at 95% confidence level Table 6 Analysis of variance (mean value) for MRR SS = sum of squares, DOF = degrees of freedom, variance (V) = (SS/DOF), T = total, SS / = pure sum of squares, P = percent contribution, e = error, Fratio = (V/error), Tabulated F-ratio at 95% confidence level F0.05; 1; 42 = 4.08, F0.05; 2; 42 = 3.23, * Significant at 95% confidence level. Table 7 . Single response results. 
Multi-response using the Grey Relational Analysis
For multiple objectives of using GRA steps are to (a) conduct an experiment using orthogonal array, (b) normalise data, (c) calculate quality loss function, (d) calculate grey relational coefficient, and (e) use weighting approach to calculate the grey relational grade.
Normalisation of Data
In the grey relation method, data were to be normalised due to different dimensions and scope of data. To bring the data into 0-1, the range linear normalisation was done. For normalisation used for surface roughness and MRR, Equations 5 and 6 were used, respectively. For Ra Lower the better *
For MRR Higher the better *
where, n and m represent the numbers of response variable S and experiments, respectively. Where xi(k) is the original sequence of the surface roughness and material removal rate, xi ‫٭‬ (k) is the comparable sequence after data normalisation, max xi(k) and min xi(k) are the largest and smallest values of xi(k), respectively. In this paper, m =18, n = 2 were taken.
Calculation of Quality Loss Function
Quality loss function Δoi (k) is calculated by Equation 7 where xo ‫٭‬ (k) =1. 
Calculation of Grey Relational Coefficient
The grey relational coefficient is calculated [25] as given in Eq. (8) . From the data in Table 9 , the following is achieved: Δmax = Δ 03(Ra) =Δ 01(MRR) = 1.000, Δmin = Δ 17(Ra) =Δ 03(MRR) = 0.000,
The grey relational coefficient is calculated from the Equation (8) ( Table 9 ). 
Calculation of the Grey Relational Grade
The grey relational grade is a weighted average of the grey relational coefficients, which indicate the level of correlation between the reference sequence and comparability sequence given by Equation (9) .
where k is the weight of the k th performance characteristics and ∑ =1 =1. By assigning the equal weighting values of Ra = 0.5 and MMR = 0.5, the GR grade was calculated (Table 9 ).
An L18 orthogonal array as shown in Table 3 was used to perform the experiments. Table 4 shows the experimental results. Table 9 shows the overall grey relational grade and S/N ratio for eighteen experiments. A higher value of grey relation grade represents optimum combination of the parameters. The S/N ratio for an overall grey relational grade is calculated using the higher the better criteria. Experiment 2 shows the high value of grey relation grade. The grey relational graph is plotted as shown in Figure 3 . Table 9 . Grey relational grade data. The mean value of grey relational grade was 0.5912. A1B1C2D2E3F3 representing the optimum process parameter. Therefore, A1B1C2D2E3F3 was the optimal parameter combination for two performance characteristics. The response table for the grey relation grade is given in Table 10 . Therefore, the grade corresponding to the optimal level in this table is shown in bold. The table shows the optimal value as A1B1C2D2E3F3. Ranks were assigned based on Δ values which were the difference between the highest and lowest average of each factor. Rank 1 was the highest Δ value. The ranks indicate the relative importance of each factor to the response. The difference of raw data between level 1 and 3 indicates that cutting speed has the highest effect ( = max-min = 0.0973) followed by feed rate ( = max-min = 0.0762) and depth of cut ( = max-min = 0.0580). Table 10 shows the comparison of results between the single response and multi-response optimisations using GRA. The standardised residuals were plotted on a normality plot to check the departure of the data from normality. Figure 3 shows the mean value of grey relation grade of Ra and MRR. Figure 4 shows the normal probability plot of residuals vs. the order of the data, plot of residuals vs. the fitted values for grey, and histogram residuals vs. fitted value. Figure 4(a) shows that the data were normal as all the points lied close to the straight line. No noticeable pattern was revealed by Figure 4 (b-d) . The parallel table shows the comparison of the single and multiobjective results.
CONCLUSIONS
In the present study, Taguchi's Grey Relational technique was used to find the optimal process parameters. Experiments were performed according to Taguchi's L18 orthogonal array. Optimisation was performed by using the grey relation analysis during rough cutting unidirectional glass fibre reinforced plastics using carbide (K10) cutting tool. A1B1C2D2E3F3 were found to be the optimum process parameter. From the ANOVA result, it was concluded that C -feed rate, D -cutting speed, F -depth of cut had a significant effect on surface roughness and material removal rate. A, B, and E had no effect at 95% confidence level. These levels were experimentally confirmed. The cutting speed followed by feed rate was found to be the significant parameters. The surface roughness of 1.761 µm and MRR of 275.78 mm 3 were achieved.
